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3.1 Instance Normalization: The Missing Ingredient
for Fast Stylization
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In order to combine the effects of instance-specific normalization and batch normalization, we pro-
pose to replace the latter by the instance normalization (also known as “contrast normalization™)
layer:
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We replace batch normalization with instance normalization everywhere in the generator network g.
This prevents instance-specific mean and covariance shift simplifying the learning process. Differ-
ently from batch normalization, furthermore, the instance normalization layer is applied at test time
as well.
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3.2 A Learned Representation for Artistic Style
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3.3 Arbitrary Style Transfer in Real-time with Adap-
tive Instance Normalization
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Figure 2

3.4 RA-UNet: A hybrid deep attention-aware network
to extract liver and tumor in CT scans

AICK UNet YL T — 28880, (] ResBlock U 1 R UG RUAE,
HAE skip connection 3T attention Fid.

(a) Liver Localization (b) Liver Segmentation (¢) Tumor Extraction
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(d) The overall architecture of RA-UNet
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Figure 3



